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When one reads or hears the phrase “gender differences,” the
statistical situation that most readily comes to mind is the simple compari-
son of the scores of women and men on a particular variable. For example,
we might ask the research question: “Following exposure to a common
stressor, do women and men differ in posttraumatic stress disorder (PTSD)
symptomatology as measured by their continuous symptom severity scores
on the PTSD Checklist (PCL; Blanchard, Jones-Alexander, Buckley, &
Forneris, 1996; Weathers, Litz, Herman, Huska, & Keane, 1993)?” This
comparison is typically accomplished in one of two ways. Probably the
most direct avenue is to evaluate the significance of the difference between
independent group means (the PCL mean for men vs. that for women) us-
ing a ¢ test or its equivalent F ratio. This strategy allows us to determine
whether, on average, men score higher than women, or women score higher
than men on the PCL. Similar information is available by relying on a
bivariate regression analysis in which the dependent variable of interest,
PCL score, is regressed on the independent variable of gender, and gender is
coded in a dichotomous fashion (such as 1 = women and ¢ = men). With
this 1/0 coding scheme, the intercept in the regression equation is the mean
for men, and the regression coefficient is the difference between the means
of women and men. The significance of the regression coefficient—the gen-
der difference—again may be evaluated by # or F, and the strength of the re-
lationship—between gender and PCL score—can be captured in a correla-
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tion coefficient, Either approach may be used, and in both cases, the
interpretation of a significant finding is the same.

Another simple comparison between genders can be made when the
outcome of interest is a frequency count, a percentage of occurrence, or
some documentation of proportion within levels of a categorical variable.
In this regard, it may be of interest to determine whether women and men
have different prevalence rates of PTSD; that is, do the data suggest a
tendency for the diagnosis of PTSD to be more (or less) prevalent in women
(or men)? We would count the number of PTSD-positive and PTSD.-
negative diagnoses for women and men separately, and then compute a chi-
square test of the association between gender and diagnosis. A significant
value for the chi-square statistic in this instance would lead to the conclu-
sion that there is an association between gender and diagnosis and, hence,
that there is a difference in prevalence rates for women and men. This par-
ticular examination of gender differences in frequency counts, percentages,
or proportions could be extended to include research situations in which
the comparison of women and men involves distributions across more than
two categories: for example, full PTSD, partial PTSD, and no PTSD.

For any of these gender difference analyses, it is also possible to intro-
duce “control variables” or covariates that statistically equate study partic-
ipants before performing the gender-based comparison. Such a strategy is
aimed at ruling out alternative influences for an observed gender difference
on the outcome variable and possibly providing a more sensitive or power-
ful test of the difference between women and men. Consider the contrast
between women and men who have experienced a common traumatic
event, such as a natural or human-made disaster in their community. If one
were interested in gender differences in PTSD symptom severity or preva-
lence rates, it might be appropriate to equate statistically all disaster victims
on the intensity of the exposure. Removing the influence of exposure inten-
sity in the comparison between women and men would more clearly an-
swer the question: “Given an equal degree of exposure to the event, do
women and men differ with regard to PTSD?” If PTSD is measured as a
continuous variable (e.g., a symptom severity score on the PCL), then the
gender difference question could be addressed with an analysis of covari-
ance, a randomized block analysis of variance, or a multiple regression
analysis. If PTSD is assessed as a categorical variable (e.g., frequencies, per-
centages, or proportions of persons classified as PTSD-positive or PTSD-
negative, or as full PTSD, partial PTSD, or no PTSD), then log linear and
logistic regression analyses are available.

Finally, though not as frequently used by researchers in the realm of
gender differences, there are statistical tests for the difference between
group variances. These procedures enable the researcher to decide whether
there is evidence for a difference in the dispersion or spread of scores on a
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continuous variable. Lunneborg and Abbott (1983) demonstrated the logic
for a likelihood ratio-based chi-square test for the difference between group
variances, and the Statistical Package for the Social Sciences (SPSS) soft-
ware package provides Levene’s test of homogeneity of variance, a non-
likelihood, ratio-based test recommended for non-normal data. To illus-
trate, in the National Vietnam Veterans Readjustment Study (Kulka et al.,
1990}, the dispersion of scores on the Mississippi Scale for Combat-Related
PTSD (Keane, Caddell, & Taylor, 1988) was greater for male veterans who
served in Vietnam than for female veterans who served in that war. The
standard deviation for men was 22.35, whereas the standard deviation for
women was 17.21, and the computed Levene statistic is significant, F(1,
1617) = 47.07, p < .001. Therefore, the spread or variance of scores for
men is of higher magnitude than the spread or variance of scores for
women. This finding is not surprising given that the subsample of women,
mostly nurses, was quite homogeneous in education and other background
characteristics, and their war-zone exposures were more uniform than
those of the men who served in Vietnam {King, King, Foy, & Gudanowski,
1996; King, King, Gudanowski, & Vreven, 1995).

Thus, there is an entire collection of well-used methods that can iden-
tify differences between genders in their group mean scores, in their respec-
tive frequencies of occurrence of some event or condition, or in the disper-
sion of their scores. Regardless of the complexity of the analyses, the
“bottom line” is to compare women and men on some aspect of the vari-
able of interest.

Yet another type of research question is very important for a compre-
hensive understanding of gender differences. The question goes beyond the
simple issue of differences in means, frequencies, or variances, and empha-
sizes female-male differences in the associations or relationships between
or among variables. In this chapter, this notion of differential relationships
as a function of gender provides an integrating theme to describe two seem-
ingly unrelated methods. We begin with a presentation of moderated multi-
ple regression analysis in which the interest is whether the relationship be-
tween a predictor and an outcome (say, intensity of trauma exposure and
PTSD, or attitudes toward women and perpetration of domestic violence) is
different for women than for men. We then discuss multiple group confir-
matory factor analysis, the aim of which is to determine if the relationship
between a latent variable or factor (e.g., PTSD) and a measured or observed
variable (e.g., an item score, or perhaps a composite score on a handful of
items measuring the same PTSD symptom cluster} is different for women
than for men. Throughout our presentation, we attempt to provide a sim-
ple, not too mathematical conceptualization of the methods. We supple-
ment, where possible, with illustrations and our own analyses with existing
data sets.
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MODERATED MULTIPLE REGRESSION

Perhaps the simpler of our two approaches to examining differential rela-
tionships as a function of gender is moderated multiple regression. In this
section, we briefly introduce multiple regression. Then, we describe the
concepts of interactions and moderator variables, followed by the special
circumstance in which gender moderates the relationship between two con-
tinuous variables. We next demonstrate a moderated multiple regression
analysis of the interaction between scores on a prominent measure of gen-
der role ideology and gender in the prediction of intimate relationship vio-
lence. The section concludes with brief commentary on other issues and
concerns, and recommendations for further reading on the topic.

Overview of Multiple Regression

Multiple regression is a class of statistical procedures intended to describe
the association between an outcome, or dependent variable, and a weighted
composite of two or more predictors, or independent variables. A very sim-
ple representation of a multiple regression equation would be

Yi=B,+ B X+ BXy+ ...+ BX,+ g {Eq. 1)

Y, is the dependent variable for person #; X;;, X5;, and as many as X, are in-
dependent variables for person i. The multiple regression equation has its
roots in the algebra of a straight line, in that By is the Y-intercept and the B,
through B, values are slopes. Fach of these slopes indicates the change in
the dependent variable (Y) per unit change in its associated independent
variable (e.g., X} at constant or specified values of the other independent
variables {X, . .. X,). The slopes also denote the unique contribution of an
independent variable and are referred to as “regression coefficients.” The ¢;
symbol recognizes the presence of a residual, or error, in the prediction of
any single person’s score on the dependent variable from the weighted com-
posite of the various independent variables.

The weights in the composite (By and By, B, . .. By) are derived so as
to satisfy optimally some specified function or criterion. One such criterion
is the minimization of error, such that across all cases in the sample, the
sum of the squared error terms (values of ¢) is as small as it can possibly be.
Weights derived in this way are called “ordinary least squares estimates”
and are the most typically used weights in multiple regression analysis.
Under certain assumptions, these weights are maximum likelihood esti-
mates, which allow for the implementation of parametric statistical theory.
In other words, tests of statistical significance can be employed for both the
intercept and regression coefficients, and for the model as a whole.

The independent variables may be either categorical {e.g., victim of
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prior violence vs. not a victim of prior violence; male vs. female gender) or
continuous (e.g., a scaled measure of the severity of trauma exposure; age
at time of exposure}. The dependent variable likewise may be either cate-
gorical (as in the diagnosis of PTSD as present or absent) or continuous (as
in symptom severity scores on the PCL or Mississippi Scale). We are partic-
ularly interested in the application of multiple regression to the case in
which the dependent variable is continucus. (The case in which the depend-
ent variable is categorical is beyond the scope of this chapter, and we refer
the reader to major texts by Agresti, 1990, and Hosmer & Lemeshow,
1989.) Furthermore, in pursuit of our goal of describing differential rela-
tionships as a function of gender, our independent variables will be a mix-
ture of categorical and continuous, with gender serving in the special role
of moderator.

Introduetion to Interactions and Moderator Variables

An understanding of differential relationships between a predictor and an
outcome as a function of gender is most easily represented in a tradi-
tional 2 x 2 factorial design, in which the two levels of the gender cate-
gorical variable are crossed with two levels of another categorical variable.
Let us assume that this second variable, denoted gender role ideology,
classifies individuals with regard to their basic attitudes about the equal-
ity of women and men as either traditional or egalitarian. The dependent
variable is a self-report of the number of incidents of physical violence di-
rected toward an intimate partner. In other words, the researcher is ask-
ing whether the propensity to commit violent acts is a function of the
individual’s gender (constant over, or regardless of, gender role ideology)
and/or a function of the individual’s traditional-egalitarian attitudes about
the equality of women and men (constant over, or regardless of, her or
his gender}. Each of these research questions defines a main effect. But a
more interesting question may be the extent to which these variables
fointly influence intimate relationship violence, such that some unique
combination of the levels of gender and gender role ideology serves either
to exacerbate or mitigate incidents of violence. This latter question re-
flects the notion of an interaction.

This research situation with two sets of contrived data is depicted in
Table 15.1. Table 15.1a shows a pattern of cell means (for our dependent
variable, intimate relationship violence) that might be obtained when we
find main effects for both gender and ideology, but no interaction. Table
15.1b shows an alternative pattern of cell means that would indicate an
interaction between gender and ideclogy (and also a main effect for ideol-
ogy, but none for gender). The marginal values for the rows, rightmost on
both tables, are the means for each level of ideology averaged over the lev-
els of gender, and the marginal values for the columns, at the bottom of
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TABLE 15.1. Hlustration of Main Effects and Interaction: A Simple 2 % 2
Factorial Design

a. Main effects: No interaction b. Gender x gender role ideology interaction
Gender Gender
F M F M
Eﬁ Traditional | 1.5¢ | 2.50 | 2.00 Eﬁ Traditional | 1.00 | 2.50 | 1.75
é Egalitarian | 1.00 | 2.00 | 1.50 '.g Egalitarian | 2.00 50 | 125
1.25 2.25 - 150 150

Note. The dependent variable is the average number of incidents of intimate relationship violence.
F, female; M, male.

each table, are the means for each level of gender averaged over the levels
of ideclogy.

Concentrating first on Table 15.1a, the difference between the row
marginal values {2.00 — 1.50 = ,50) is the same as the difference between
the traditional and egalitarian levels of ideology for both women (1.50 -
1.00 = .50) and men (2.50 — 2.00 = .50). Similarly, the difference between
the column marginal values (1.25 - 2.25 = ~1.00) is the same as the differ-
ence between women and men for both the traditicnal {1.50 — 2.50 = ~1.00)
and egalitarian (1.00 — 2.00 = —1.00) levels of ideclogy. This pattern of fic-
titious findings contrasts with that depicted in Table 15.1b. The column
marginal values in Table 15.1b (both 1.50) suggest that there is no gender
main effect; on average, women and men are reporting similar amounts of
violence against their intimate partners. There is an apparent main effect
for ideology; those holding traditional attitudes report more violence (1.75)
than those holding egalitarian attitudes (1.25). Going further, beginning
with the rows, the difference between the marginal values {1.75 - 1.25 =
.50} is not equivalent to either the difference for women only {1.00 - 2.00 =
-1.00) or the difference for men only (2.50 — .50 = 2.00). Likewise, the dif-
ference between the column marginal values (1.50 — 1.50 = 0) is not equal
to the corresponding differences for individuals with a traditional ideology
{1.00 — 2.50 = -1.50) or for individuals with an egalitarian ideology (2.00 -
.50 = 1.50). In the instance in which there is no interaction {Table 15.1a),
the effect of a given variable (e.g., ideology) is constant across the levels of
the other variable {e.g., gender). When there is an interaction (Table 15.1b),
the effect of a given variable is not constant across the levels of the other
variable.

In our Table 15.1b example, women who are traditional in their ide-
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ology report perpetrating fewer incidents of violence against their part-
ners (mean of 1.00) than women who are egalitarian in their ideology
(mean of 2.00), whereas the opposite pattern is seen for men, with tradi-
tional men reporting perpetration of more violence {mean of 2.50) than
egalitarian men (mean of .50). Thus, the apparent influence of gender
role ideology on intimate relationship violence differs as a function of
gender; srated alternatively, the association between ideology and violence
is different for women and men. We conclude that there is a gender X
gender role ideology interaction effect in accounting for intimate relation-
ship violence.

Figure 15.1 is intended to clarify the results presented in Table 15.1,
especially the idea of an interaction in terms of differential relationships as
a function of gender. In both Figures 15.1a and 15.1b, the relationship be-
tween ideology and violence is graphed separately for women and men by
plotting values of the cell means (average violence scores) for each of the
two levels of ideology (traditional and egalitarian).

In Figure 15.1a, where there is no interaction, the main effect for gen-
der is captured in the observation that the line for men is higher on the vio-
lence scale than the line for women. Similarly, the main effect for ideology
is captured in the observation that both lines are negatively inclined; hence,
persons with tradirional attitudes are scoring higher on the violence scale
than persons with egalitarian attitudes. The parallelism, or uniform slopes,
of the two lines denote the lack of an interaction: The change in violence
scores, or difference in cell means, for women and men remains constant
across both levels of the ideology variable.

In Figure 15.1b, the interaction is obvious. Here, the relationship be-
tween ideology and violence clearly differs for women and men. Note the
slopes of the separate lines. For women, the change in violence scores, or
difference in cell means, is positive when moving from traditional to egali-
tarian ideology; for men, the corresponding change is negative. Thus, in
predicting the propensity to inflict intimate relationship violence from a
person’s gender role ideology, it is extremely important to know the gender
of the person as well. Gender can be said to be a moderator of the relation-
ship between ideology and violence. It might be noted that interactions can
be interpreted bidirectionally. For this illustration, we could have pursued
the relationship between gender and intimate relationship violence as a
function of gender role ideology. But because this chapter focuses on meth-
ods of detecting gender differences, gender is the appropriate moderator
variable.

Gender in Interaction with Continuous Independent Variables

Our example treated gender role ideology as a categorical variable having
two levels. The informed reader of gender research, however, is aware that
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this type of attitudinal variable is typically considered and measured as an
ordered continuous dimension having multiple possible scores, ranging
from low (traditional) to high (egalitarian); see, for example, the broadly
used Attitades Toward Women Scale (Spence 8 Helmreich, 1972), and the
many assessment instruments catalogued by Beere (1990). Consequently, a
more realistic representation of gender as a moderator of the ideology—
violence relationship requires that the interaction represent the joint effect
of the categorical gender variable and a continuous ideclogy variable. This
generalizes to many questions in stress, trauma, and PTSD research, where
the essential concern for female-male comparisons focuses on differential
relationships between one or more continuous independent variables (e.g.,
intensity of trauma exposure, age at time of exposure, extent of social sup-
port network) and a continuous dependent variable {e.g., PTSD symptom
severity). Thus, we extend our presentation to interactions in a multiple re-
gression framework.

In muitiple regression, an interaction between two predictor variables
is represented by a third variable that is computed as the product of the two
predictors. For example, a variable representing the interaction between X,
and X, would be calculated as the product of scores on X, and X, for all
cases; a variable representing the interaction of X, and X; would be calcu-
lated as the product of scores on X; and X; for all cases; and so on. With
just two predictor variables and their interaction, the regression model
would be

Y= B, + BX,+ BX, + B X, X, + & (Eq. 2)

where all elements are as described previously (Eq. 1), the XX, product
term carries the information of the interaction (Cohen & Cohen, 1983; Co-
hen, Cohen, Aiken, & West, 2002), and the B, regression coefficient delin-
eates the unique contribution of the interaction term to the dependent vari-
able. As noted by Jaccard, Turrisi, and Wan (1990), this coefficient is the
change in relationship between one of the independent variables (say, X;)
and the dependent variable (Y} per unit change in the other independent
variable {X;), and vice versa. This interpretation can be seen by some minor
manipulation of Eq. 2, most notably factoring X, from the third and fourth
elements to the right of the equal sign:

V= (By + BiX)) + (By + BX )X, + g (Eq. 3)

Notice that this expression follows the general form for the equation of a
straight line, documenting the relationship between two variables, X, and ¥:

Y = {intercept) + (slope)X, + error (Eq. 4)
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Here, the slope for the regression of Y on X, is (B, + B3X,) and the inter-
cept can be reconceptualized as {By + B;X;). Thus, the relationship between
Y and X, as represented by the slope, changes as X takes on different val-
ues. And, for each unit change in Xj, the slope for the regression of Y on X,
changes by B, units, the value of the regression coefficient for the interac-
tion term. By designating X, as gender, we now have a mechanism for rep-
resenting differential relationships between the other independent variable
(X;) and the dependent variable {Y). The model can be expanded to accom-
modate more independent variables, either categorical or continuous, some
possibly intended also to interact with gender, with each other, or not. The
works by Cohen and Cohen (1983} and Cohen et al. {2002) provide excel-
lent detailed elaboration on more complicated multiple regression analyses.
What follows is a presentation of the analysis and interpretation of findings
for a set of real data, incorporating additional basic concepts germane to
the method.

Demonstration of Moderated Multiple Regression Analysis
Using Existing Data

Description of the Data

For demonstration purposes, we draw from a portion of a study of intimate
relationship violence among college students (Fitzpatrick, Salgado, Suvak,
King, & King, 2002). The data set comprises the responses of 219 college
students (155 women and 64 men) to three measures: {1) the physical vio-
lence subscale of the Conflict Tactics Scale (CTS; Straus, 1979), (2) the
Dyadic Adjustment Scale (DAS, Spanier, 1976), and (3) the Sex-Role Egali-
tarianism Scale—Form KK (SRES; King & King, 1993, 1997). The CTS
physical violence subscale is the measure of intimate relationship violence,
with higher scores indicating more violent acts perpetrated by the study
participant on her or his partner within a I-year time frame. The DAS in-
dexes the quality of the participant’s relationship with her or his partoer,
again with higher scores representing more satisfaction and comfort with
the relationship. The SRES assesses gender role ideology and provides con-
tinuous scores along a dimension bounded by traditional (lower end) to
egalitarian (upper end). Lower scores reflect beliefs in line with more con-
ventional role expectations for women and men, whereas higher scores in-
dicate beliefs about the behaviors and characteristics of women and men
that are more flexible and less tied to conventional role expectations. The
primary research question of interest is as follows: Controlling for relation-
ship quality, does the association between gender role ideology and inti-
mate relationship violence differ as a function of participants’ gender?
Thus, this is a modest extension of the fictitious data previously used as a
vehicle in this chapter.
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Analyses

The gender variable was dummy coded, assigning a value of 1 to the female
participants and a value of 0 to the male participants. In actuality, any two
numbers could have been used, but this 1/0 coding scheme is recommended
to simplify computations and afford direct interpretation of regression co-
efficients in terms of gender differences. Also recommended is the practice
of centering any variable that is expected to interact with gender (e.g.,
Aiken & West, 1991; Jaccard et al., 1990; Cohen et al., 2002}, in this case,
gender role ideology as measured by the SRES. Centering is quite simple. It
is transforming the distribution of original or observed scores, so that the
mean of the transformed scores will be 0. This was easily accomplished by
subtracting the original SRES mean from every original SRES score. The
interaction term was next computed by multiplying the dummy coded gen-
der score by the centered SRES score. The distribution of DAS scores was
also centered to simplify later computations.

Using a standard statistical software package, a two-step hierarchical
multiple regression procedure (Cohen & Cohen, 1983) was performed. At
the first step, CTS scores were regressed on centered DAS scores, centered
SRES scores, and gender. At the second step, CTS scores were regressed on
centered DAS scores, centered SRES scores, gender, and the interaction be-
tween gender and SRES (ideology).

Results and Their Interpretation

Table 15.2 presents the results of the hierarchical multiple regression analy-
sis predicting intimate relationship violence {CTS violence subscale scores).
Note that this table provides only unstandardized regression coefficients
(Bs); standardized coefficients (fs; betas) are omitted, because they are not
as useful in interpreting interactions in moderated multiple regression. As
shown in Table 15.2, at Step 1, relationship quality as measured by the
DAS is the only significant variable. As one might predict, higher levels of
relationship quality are associated with lower amounts of intimate relation-
ship violence. The weighted composite of the three independent variables
(DAS, SRES, gender) yielded a multiple correlation coefficient (R} of .201;
4% (the square of .201) of the variance in intimate relationship violence
was accounted for by this composite.

When the interaction term (gender x SRES) was entered into the re-
gression equation at Step 2, the value of R increased to .287, indicating that
just over 8% (the square of .287) of the variance in intimate relationship vi-
olence was accounted for by the weighted composite (DAS, SRES, gender,
gender x SRES). The significance of this increment {from 4% to 8%]) is rep-
resented either in terms of a significant F statistic for the R? change, pro-
vided by many statistical software packages, or easily calculated (Cohen &
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TABLE 15.2. Hierarchical Multiple Regression Results

Variables in Unstandardized Standard
Step  equation coefficient {B} error t R
1 Intercept 1.837 519 3.542°"

DAS -.049 020 -2.395"

SRES -.030 021 -1.430

Gender -.363 621 -.585% 201
2 Intercept 1.415 .526 2,690

DAS —-.046 020 ~2.306"

SRES -119 035 ~3.382""

Gender -.030 .618 =048

Gender x SRES 135 043 3,115 287

Note. DAS, Dyadic Adjustment Scale; SRES, Sex-Role Egalitarianism Scale.
* L) Y
pe<.05 p<.0l; p<.001.

Cohen, 1983; Cohen et al.,, 2002). The same information is carried in the
significant ¢ statistic (3.115) accompanying the regression coefficient for
the interaction term, displayed in Table 15.2. Thus, there is support for the
assertion of an interaction between gender and gender role ideology.

Note that, at Step 2, the unique contribution of SRES was significant,
whereas at Step 1, it was not. An explanation for this shift can be found in
the interpretation of the regression coefficients when interactions are not
present versus when they are present. At Step 1, with no interaction being
evaluated, the regression coefficient for SRES documents the effect of gen-
der role ideology, holding constant gender and relationship quality. At Step
2, with the introduction of the interaction term, the SRES variable is evalu-
ated for the condition in which the gender variable has a value of 0. In par-
ticular, its regression coefficient registers the association between gender
role ideology and intimate relationship violence for male participants in the
study, controlling for DAS. In this example, the regression coefficient is
negative (-.119), indicating that as SRES scores increase toward the egali-
tarian end of the dimension, men tend to commit fewer acts of violence ro-
ward their partners. Conversely, the nonsignificant gender effect at Step 2
tells us that there is likely no difference between women and men in the
amount of violence they perpetrate at an SRES value of 0, the mean SRES
score following centering, again controlling for DAS. The intercept at Step
2 (1.415) denotes the score on the CTS violence subscale for men (coded 0)
with an average score on the SRES (0) and on the DAS (0).

Using the regression coefficients from Step 2 of the multiple regression
results, we can develop the equation for the regression of intimate relation-
ship violence on relationship quality, gender role ideclogy, gender, and the
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interaction between gender and ideology. For simplicity, we drop the 7 sub-
script but retain the e component in recognition of error in prediction.

Y =1.415 ~ 046X, — 119X, ~ 030X, + 185X X, + e (Eq.5)

where Y is the predicted CTS score for person #, Xy, is the DAS score, X is
the SRES score, X; is gender, and XX is the interaction term for person i.
We may use this equation to address further our key research question re-
garding differential relationships between intimate relationship violence (Y}
and gender role ideology (X} as a function of gender {X). Arranging
terms in a manner similar to that depicted in Equations 3 and 4, we have

Y= (1.415 — .046X, ~ .030X,) + {~119 + 136X )X + e  (Eq. 6)

Substituting the mean DAS value (0}, and alternative values for gender (1
and 0}, we can develop two equations, one for the regression of violence on
ideology for women, and one for men. For women, our equation becomes

Y= (1.415 ~ .046"0 —.030*1) + (-.119 + .135")X; + e (Eq. 7)
Y=1.385+ .016X; + 6 (Eq. 8)

For men, the equation is

Y= (1.415 - .046°0 ~ .030°0) + (~119 + 135*0)X; + & (Eq. 9)
Y=14156 - 119X, + e (Eq. 10)

Observe that the intercept and slope for men recapitulates the interpreta-
tions stated previously.

The two regression lines are graphed as Figure 15.2. It appears that the
relationship between ideology and violence for women is only very slightly
positive (regression coefficient of .016), whereas the relationship for men
tends to be negative and stronger (regression cocfficient of —.119). The sig-
nificant regression coefficient for the gender x ideology interaction (Table
15.2) tells us that these relationships differ as a function of gender, and the
value of this regression coefficient (.135) is the actual difference between
the separate regression coefficients [.016 — (—.119) = .135]. But we can go
further yet and determine the significance of the relationship within each
gender, which is very likely of much interest to gender differences research-
ers.

Jaccard et al. (1990), among others, have provided a mechanism for
evaluating the significance of the relationship between two continuous vari-
ables within each group defining the levels of a moderator variable. This
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FICURE 15.2. Association between gender role ideology and intimate relationship
violence for women and men. Upper: centered scores; lower: raw scores.

procedure involves the computation of the standard error of the regression
coefficient within a group, derived as a function of the variances and
covariances among the components used to calculate that regression coeffi-
cient. To illustrate, in creating the regression equation for women in our
sample (Eq. 7 and Eq. 8), two elements produced the final regression coeffi-
cient, —.119 and .135. These are the regression coefficients for SRES and
gender x SRES taken from Table 15.2. Using the variances and covariance
of these two elements—available as a part of multiple regression programs
within most statistical software packages—standard errors can be calcu-
lated (see Jaccard et al., 1990, Appendix A), and tests of significance can be
performed. For our data, the ideology—violence relationship was nonsigni-
ficant for women, #(214) = .64, NS, and significant for men, #{214) = -3.38§,
p < .01. An alternative method for directly computing and evaluating indi-
vidual group simple slopes is provided by Cohen et al. (2002).

Additional Comments and Recommended Resources

Our presentation of moderated multiple regression necessarily is introduc-
tory and therefore limited and incomplete. Beyond the analyses already
demonstrated, more questions can be answered about the nature of an
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interaction involving gender as a moderator variable. For example, as men-
tioned earlier, centering a predictor and dummy coding gender enables one
to interpret the significance of the gender main effect at the mean of the
predictor. But one can also go further and determine the significance of the
difference between women and men on the outcome at any value of the
predictor. In addition, in some circumstances, the researcher might wish to
incorporate a curvilinear relationship between predictor and outcome, and
propose that this relationship differs for women and men. The moderated
multiple regression procedure allows for power polynomials and other
strategies for assessing such curvilinearity. A three-way interaction between
gender and two continuous predictors is possible, yielding information re-
garding differences in the interaction of the two continuous variables as a
function of gender. Moreover, other categorical variables can be crossed
with gender—race or ethnic identity and sexual orientation come to
mind—and appropriately coded and included in the analysis to address
more sophisticated questions about gender interactions. A set of multiple
predictors also may be simultaneously incorporated in interaction with
gender.

There are a few caveats in the search for gender differences in relation-
ships using this methodology. Foremost is that interactions are often diffi-
cult to detect and replicate {Zedeck, 1971). What is more, when significant,
the effect sizes are typically quite small, accounting for as little as 1-3% of
the variance in the dependent variable (Champoux & Peters, 1987;
McClelland & Judd, 1993). Interaction terms are known to be less reliable
than their components and yield biased underestimates of their regression
parameters. Nonetheless, moderated multiple regression, retaining the full
range of scores on a predictor variable, is judged far superior to adopting a
simple 2 x 2 factorial configuration, where scores on the predictor are
dichotomized at some cutpoint (Cohen, 1983; West, Aiken, & Krull,
1996).

A few recommendations for further reading include the classic work
by Cohen and Cohen (1983) and its successor (Cohen et al., 2002), and the
texts by Darlington (1990), Draper and Smith (1998}, and Pedhazur
(1997), which provide comprehensive treatments of multiple regression and
its applications, including interactions. The monographs by Jaccard et al.
(1990) and Aiken and West (1991) focus exclusively on the analysis and in-
terpretation of interactions and expand and supplement the issues pre-
sented here. There are many articles in the scientific literature on interac-
tions and moderator variables. Among them are two of special note given
the context of this section of the chapter: McClelland and Judd (1993) de-
tailed reasons for failure to find or replicate interaction effects in field re-
search, and Jaceard and Wan (1995) followed with an excellent assessment
of problems with the reliability of interaction effects, closing with a sugges-
tion for latent variable analysis (a topic to be introduced in the next section
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of this chapter). We also recommend the article by West et al. (1996), a
demonstration of the analysis of interactions between categorical and con-
tinuous variables in the context of personality research; its content can eas-
ily be extrapolated to research on stress, trauma, and PTSD. Finally,
O’Connor (1998} offers useful and free SAS and SPSS scripts to aid in the
graphing of interactions. His programming was used to graph the interac-
tion for this moderated multiple regression (Figure 15.2).

MULTIPLE-GROUP CONFIRMATORY FACTOR ANALYSIS

In our experience, PTSD theoreticians, researchers, and clinicians often
pose the question of whether PTSD as a clinical entity or psychological
variable is really the same for women as it is for men. This question of com-
parability of PTSD over genders addresses the issue of construct equiva-
lence as represented in the literature on factorial invariance in confirmatory
factor analysis (e.g., Byrne, Shavelson, & Muthen, 1989; Hancock, Staple-
ton, & Berkovits, 1999; Little, 1997; McArdle & Cattell, 1994; Meredith,
1993). In effect, the examination of factorial invariance can be couched in
terms of the general theme of this chapter: here, the extent to which the re-
lationship between a psychological construct, factor, or latent variable
(PTSD) and scores on a manifest indicator of that variable (how an individ-
uval answers a PTSD item or set of items), differs for women compared to
men. In this section, we concentrate on the confirmatory factor-analytic as-
pect of structural equation modeling. First, we provide a brief conceptual
introduction to confirmatory factor analysis. Second, we discuss multiple-
group modeling in confirmatory factor analysis and place the topic of fac-
torial invariance in the context of gender differences. Third, we use an ex-
isting data set from a large-scale study of female and male Gulf War veter-
ans to demonstrate a multiple-group confirmatory factor analysis. As
before, we conclude with some commentary on issues and concerns, and
recommendations for further reading.

Overview of Confirmatory Factor Analysis

Confirmatory factor analysis is a subset of the class of procedures known
as structural equation modeling {e.g., Bollen, 1989; Bollen & Long, 1993;
Hayduk, 1987, 1296; Hoyle, 1995; Kline, 1998; Loehlin, 1998; Mar-
coulides & Schumacker, 1996; Schumacker & Lomax, 1996; Schumacker
& Marcoulides, 1998). It is the methodology associated with the specifica-
tion and evaluation of the measurement component of a proposed struc-
tural equation model. This measurement component portrays hypothetical
constructs or latent variables in terms of their observed scores or manifest
indicators, typically, responses to items on some psychometric instrument.
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Confirmatory factor analysis is used to test hypotheses about the underly-
ing structure of the data; in other words, to what extent are there common
entities or factors responsible for relationships or covariance patterns
among the observed scores? The researcher must propose a priori a struc-
ture based on theory and/or previous factor analyses (exploratory or confir-
matory), and then test how well the proposed structure fits the ohserved
data,

To place confirmatory factor analysis in the context of multiple regres-
sion, as discussed in the previous section, we can express an individual’s
observed score on a particular PTSD item as follows:

Y= By + BuFy + BpFpt . .+ ByFy+ 1, (Eq. 11}

In this equation, the dependent variable (Y}) represents a score for person
on item j. The independent variables (F, F;y . .. F;) are scores on factors
or latent variables for person i. These scores are not observed, and the
number of factors is indeterminate and must be designated in advance by
the researcher. As in the multiple regression equation described in the first
section of this chapter, By, is the Y-intercept, and By, By, ... By, are
slopes or regression coefficients. In this case, they are called “factor load-
ings” and denote the contribution of each factor or latent variable to the
prediction of the observed score. The more a factor is implicated in an
observed score, the stronger will be the factor loading or regression coeffi-
cient. The residual, a composite of both error and specificity carried by the
observed score or manifest indicator, is symbolized as ;. For a given confir-
matory factor analysis, there are as many equations as there are items or
manifest indicators {Weathers, Keane, King, & King, 1927).

In proposing a factor structure in a confirmatory factor analysis, the
researcher stipulates whether the intercepts, regression coefficients (factor
loadings), and residuals of these equations, as well as factor means and fac-
tor variances, are to be estimated, or whether they should take on a speci-
fied value, usually 0 or 1. Such decisions essentially define the hypothesized
pattern of loadings, the number of factors, which factors are predictors of
which manifest indicators, and characteristics of the latent variable(s). One
or more of these elements also may be subject to equality constraints,
wherein they are specified to be equivalent to other elements, or some func-
tion of other elements. Additional considerations in model specification in-
chide whether the factors will be allowed to associate with one another, and
whether residuals will be free to covary. Under most conditions, each mani-
fest indicator is specified to load on only one factor; its loading on the other
factors are fixed at 0 to facilitate interpretation of the solution. Also, resid-
uals are normally not free to covary in confirmatory factor analysis. As a
consequence of these decisions, a conceptual “mapping” of the postulated
factor structure results, including a factor loading matrix augmented by in-



420 RESEARCH AND POLICY

tercepts for the regression of manifest indicators on factor scores, a matrix
of residual variances for the manifest indicators, a matrix of variances and
covariances among the factors, and a vector of factor means.

A number of methods for estimating the parameters in the hypothe-
sized factor structure are available. Each seeks to optimize the “fit” be-
tween relationships actually observed in the data {typically characteristics
of the manifest indicators: their means, variances, and covariances) and
those that can be reproduced from the parameter estimates (intercepts,
loadings, variances, etc.) in the hypothesized factor structure. Under certain
assumptions, and for designated estimation procedures, the resulting fit
function, a weighted sum of squared deviations multiplied by the number
of cases minus 1, yields a noncentral chi-square statistic. Its degrees of free-
dom are equal to the difference between the number of means, variances,
and unique covariances among the manifest indicators, and the number of
parameters estimated in the model. An estimate of the noncentrality param-
eter is equal to the value of the computed noncentral chi-square minus the
number of degrees of freedom. (The noncentrality parameter and the de-
grees of freedom are required to define the noncentral chi-square distribu-
tion.)

Low values of chi-square, relative to the degrees of freedom, indicate
good fit and thus support the hypothesized factor structure. High values of
chi-square, relative to the degrees of freedom, cast doubt upon the
researcher’s a priori factor structure. Given inherent problems with the chi-
square statistic as the sole index of model-data fit, several additional
goodness-of-fit indices have been developed (for profiles of those available,
see Hu & Bentler, 1995, 1998; Joreskog & Sorbom, 1993a; Marsh, Balla,
& McDonald, 1988). The more prominent fit indices at this writing include
the Tucker-Lewis index (TLI; Bentler 8 Bonett, 1980; Tucker & Lewis,
1973), the comparative fit index (CFI; Bentler, 1990), the LISREL goodness-
of-fit index (GFI; Joreskog & Sorbom), the root mean square error of
approximation (RMSEA; Steiger, 1990), and the standardized root mean
square residual (SRMR; Hu & Bentler, 1998). As we demonstrate later,
there are procedures for evaluating the best among a series of competing
models.

Multiple-Group Modeling: The Search for Construct Equivalence

Within the realm of structural equation modeling—and particularly for
confirmatory factor analysis—we have the capability to pose questions
about the similarity or equivalence of networks of relationships across two
or more mutually exclusive groups. When multiple-group modeling is ap-
plied to confirmatory factor analysis, we are asking the extent to which a
postulated factor structure holds across groups. In the earlier section on
moderated multiple regression, we emphasized differential relationships be-
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tween predictors and outcomes as a function of gender. In multiple-group
confirmatory factor analysis, the representation is parallel, with manifest
indicators being outcomes or dependent variables, and the factors being
predictors or independent variables. There are slopes and intercepts, and
they may or may not differ across genders. For example, when women and
men respond to items on the PCL in reference to a common traumatic event
{e.g., a natural disaster within their community, exposure to political terror
and violence in their homeland, service in a war zone), we may be inter-
ested in whether the 17 items, scored for severity, have the same meaning
for women and men. Stated another way, to what degree do the same fac-
tors appear relevant across genders and seem to contribute equally to re-
ports of symptom severity for women and men? Other questions are also
possible, the important point being that multiple-group confirmatory factor
analysis supplies a mechanism for assessing comparability of factor struc-
tures for women and men {(or any other grouping typology of interest).

The process of determining group differences in factor structures in-
volves evaluation of a sequence of nested factor models. One model is said
to be nested within another model when the pattern of associations present
in the former is the same as for the latter, but there are fewer parameter es-
timates in the former than in the latter. A factor-analytic model having a
larger number of parameter estimates is said to be more saturated than a
model with a smaller number of parameter estimates. Other conditions
held constant, the larger the number of parameter estimates in a model, the
smaller will be the value of the chi-square statistic, which, as noted earlier,
is an index of the discrepancy between the means, variances, and unique
covariances of the observed data, and those reproduced by the proposed
model. Put another way, the more information in the proposed model—a
larger number of parameters being estimated with fewer degrees of free-
dom—the closer will be the model-data fit. The poal of science, of course,
is parsimony, the quest to explain observed behavior or any other phenom-
enon as simply as possible (Mulaik & James, 1995). Therefore, for any
structural equation modeling endeavor, we desire to represent our observa-
tions with a model containing a minimum of superfluous, irrelevant, or un-
necessary parameters. As we evaluate or compare a series of nested models,
we are searching for the simplest, least parameterized model that also re-
tains strong model-data fit.

With regard to differences between factor structures for women and
men, the test of nested models primarily emphasizes the notion of equiva-
lence: Are the parameters that describe the factor structure for women
equivalent to the parameters that describe the factor structure for men?
Which are equivalent, and which are not equivalent? If two parameters are
set equal to one another in a structural equation model, only one parameter
is actually being estimated, not two. A multigroup confirmatory factor-
analytic model with equality constraints on, for example, the factor load-
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ings across groups, has fewer parameter estimates than one with factor
loadings estimated separately for each group. Hence, a model with equality
constraints is nested within a model without such constraints. By systemati-
cally imposing equality constraints of parameters across genders, we are
able to compare more constrained with more saturated models and evalu-
ate equivalence, thereby appraising gender differences.

A number of statistical methods are available for comparisons among
constrained models. A frequently used approach is the test of significance
of the difference between the chi-square statistics for two nested models.
Keeping in mind that the chi-square statistic for a more constrained model
is likely greater than (and never less than) that for a more saturated model,
and that the chi-square statistic is an indicator of “misfit,” the concern is
whether the imposition of an equality constraint damages {as evidenced by
an increase in chi-square) the model-data fit sufficiently to declare that the
parameter(s) should not be constrained to be equivalent. Alternatively, is
the damage so minor that a more parsimonious model {with equivalent val-
ues for the parameters across groups) is a better representation of the data?
Sequential chi-square difference testing (Anderson & Gerbing, 1988; Steiger,
Shapiro, & Browne, 1985), with the difference between two chi-square
statistics evaluated at the difference between their associated degrees of
freedom, assists in making these judgments. It has been suggested (e.g., Lit-
tle, 1997) that the chi-square difference test may be too sensitive. Other sta-
tistics are available, including the Akaiki information criterion (AIC;
Akaiki, 1987), corrected Akaiki information criterion (Bozdogan, 1987),
expected cross-validation index (ECVI; Browne & Cudeck, 1993), and
Bayesian information criterion (BIC; Muthen & Muthen, 1998). The val-
ues of these indices carry no meaning in and of themselves; they are used to
determine the best of a series of models, with preference given to models
having values closer to 0. The researcher consults the chi-square difference
test results in conjunction with these indices to reach conclusions about
which model best fits the data.

What remains before we proceed to our example using real data is a
brief discussion of exactly what constraints should be applied and in what
order to examine gender differences in factor structures. Equality con-
straints can be applied to intercepts, factor loadings, residuals, factor vari-
ances, and factor covariances. Moreover, it is not necessary to constrain all
intercepts, all facror loadings, all residuals, and so on, across genders;
rather, particular pairs within each of these categories might be chosen,
based on some rationale or theoretical basis. Joreskog and Sorbom (1993b)
provide a gunide to conducting tests of equivalence using the LISREL soft-
ware, beginning with an evaluation of the equivalence of the observed vari-
ances and covariances across groups, then proceeding to evaluations of the
equivalence of the number of factors and pattern of loadings {configural
invariance), the values of the loadings (factorial or metric invariance), the
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values of the residuals, and, finally, the values of the factor variances and
covariances. Marsh {1994) proposed a slightly different progression, begin-
ning with the test of configural invariance, then factorial invariance, fol-
lowed by equivalence of factor covariances, variances, and residuals, He
commented that invariance of factor variances and invariance of measure-
ment residuals are usually of lesser substantive importance to the equality
of factor structures.

Meredith {1993) and Litdle (1997) argued that a demonstration of
“strong factorial invariance” requires the equality of both intercepts and
factor loadings. They specifically noted that the residuals should be free to
vary across groups, reasoning that the imposition of equality constraints on
the residuals would introduce bias into estimates of other model parame-
ters. They also distinguished between a measurement level of invariance,
concerned with intercepts and factor loadings, and a latent level of
invariance, concerned with factor means, variances, and covariances. Byrne
et al. (1989) introduced partial factorial invariance as a less stringent re-
quirement in exploring the equivalence of factor structures. From their per-
spective, it might be sufficient to demonstrate that equality constraints on a
single intercept and a single factor loading are all that are required. Han-
cock et al. (1999) supported this position. Obviously, consensus on what
constitutes equivalence of factor structures is not yet achieved.

Demonstraiion of Multiple-Group Confirmatory Factor Analysis
Using Existing Data

Description of the Data

For the purposes of example, we now introduce analyses on a portion of
data from a longitudinal study of Gulf War veterans. The original data col-
lection occurred within 5 days of the soldiers’ return from the Gulf region
in 1991 (for additional details, see Wolfe, Erickson, Sharkansky, King, &
King, 1999). Follow-up data collections occurred in 1992-1993 and 1997~
1998. Data presented here were obtained in the initial 1991 assessment.
The sample consisted of 2,949 Army personnel deployed from and return-
ing to Ft. Devens, Massachusetts: 240 women and 2,702 men, with 823
from regular active duty status, 587 from the Reserves, and 1,505 from the
National Guard. The focal instrument was the Mississippi Scale for Combat-
Related PTSD (Keane et al., 1988), modified for Gulf War personnel
(Wolfe, Brown, & Kelley, 1993). To provide a reasonably straightforward
demonstration of multiple-group confirmatory factor analysis, we created
four composite, or subscale, scores from responses to the 35 items on this
scale: a simple average item score across 11 items measuring reexperiencing
and situational avoidance, 11 items measuring withdrawal and numbing, 8
items measuring arousal and lack of behavioral or emotional control, and 5
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items measuring self-persecution (guilt and suicidality) (King & Xing,
1994). The primary research question of interest is: Does the structure of
PTSD, as measured by the four subscales of the Mississippi Scale, differ as a
function of gender? Placed in terms of the guiding theme of this chapter,
does the relationship between the hypothetical construct of PTSD and its
four manifest indicators differ for women and men?

Analyses

Analyses were accomplished using Arbuckle’s (1997) AMOS software
package. A series of nested, single-factor means and covariance structures,
multiple-group confirmatory factor analyses was conducted using maxi-
mum likelihood estimation. The most saturated model, the one with the
largest number of estimated parameters, was one in which both the inter-
cepts and loadings, as well as the residuals, were estimated. For the next
model in the series, we constrained the factor loadings to be equivalent for
women and men. The third model constrained the intercepts to be equiva-
lent. And the fourth model placed equality constraints on the factor vari-
ances. Because the model contained only one factor, there were no factor
covariances to be considered. Various indices of fit and relative fit, avail-
able from the AMOS software, were used to evaluate the strengths of the
several models.

Results and Their Interpretation

Table 15.3 presents the results of analyses of the nested, multiple-group
models. The first row of Table 15.3 summarizes the findings for the most
saturated model and supports an assertion for configural invariance across
genders; that is, for both women and men, a single-factor model with four
manifest indicators of the PTSD construct appears to provide a reasonably
good representation of the observed data. Evidence for this assertion is best
seen in the values for the two incremental fit indices, the TLI and the CFI.
Both exceed the .95 criterion of good fit recently mandated by Hu and
Bentler {(1998). Moreover, the value for the RMSEA is less than .05, an-
other standard of good fit set forth by Browne and Cudeck (1993).

The second row of Table 15.3 reports the findings for a model in
which the factor loadings are equivalent across genders. When this model is
compared to the most saturated model, the chi-square difference (Ay?) is
nonsignificant, indicating that constraining loadings to be equivalent and
the attendant change in degrees of freedom (Adf), do not significantly dam-
age model-data fit. Furthermore, there is a drop in the values of the AIC
and the ECVI, the two indices specifically intended to compare models.
These decreases also suggest that the more parsimonious, equal-factor
loadings model is a better representation of the data. The RMSEA likewise
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TABLE 15.3. Results of Multiple-Group Confirmatory Factor Analysis

Model x df TLI CFI RMSEA %0% CI AIC ECVI &y df

1. Sataraced 31.501 4 9% 999 .048 034065 79.501 027

2. Equal factor 35.673 7 .998 999 .037 .036-050  77.673 .026 4172 3
loadings

3. Equal factor 151.561 10 992 .9%¢ .069 .060-.079  187.561 .064 115.888" 3
loadings and

equal intercepts

4. BEqual factor 165.216 11 992 996 .069 060-079  199.216 068 13.665" 1
loadings, equal
intercepts, and
equal factor
variances

Note. TLI, Tucker-Lewis Index; CFl, comparative fit index; RMSEA, root mean square error of approximation.
"p < .001.

decreases in value, a good sign that fit is enhanced with this model. TLI and
CFI remain high.

On the other hand, adding the constraint that the intercepts be equiva-
lent across genders is probably not advisable. As shown in the third row of
Table 15.3, when this constraint is added, there is a significant increase in
the chi-square, accompanied by large increases in the AIC, ECVI, and
RMSEA. The RMSEA increases above the .05 recommended cutpoint. In
fact, its 90% confidence interval (.060-.079) does not enclose the value
-05. Thus, it is better to consider leaving the separate intercepts for women
and men free to vary, and conclude that they differ from one another. Infor-
mation in the fourth row of Table 15.3 indicates that it is also unwise to
constrain the variance of the PTSD factor to be equivalent across genders.
Consequently, the model that best fits the data is one in which the factor
loadings for women and men are equivalent but the intercepts and factor
variances are different.

The models of best fit are depicted in Figures 15.3 and 15.4. These dis-
plays incorporate what is known as reticular action model (RAM) theory
(McArdle & Boker, 1990; McArdle & McDonald, 1984) conventions for
presenting a structural equation model. Equations in the form of Equation
11 can be written directly from Figures 15.3 and 15.4. On each display, the
large circle represents the PTSD latent variable; the squares represent the
four manifest indicators, our observed subscale scores; the smaller circles
represent residuals; the small horseshoe-shaped, double-headed arrow, a
sling, associated with the PTSD latent variable, represents the factor vari-
ance; the same type of horseshoe-shaped, double-headed arrows attached
to the residuals represent residual variance; and the triangle is a constant
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FIGURE 15.3. Graphical representation of the factor-analytic model for women.
PTSD, posttraumatic stress disorder; R 8¢ SA, reexperiencing and situational avoid-
ance; W & N, withdrawal and numbing; A & LC, arousal and lack of control; §-P,
self-persecution (guilt and suicidality).

used to represent means and intercepts. Values are also shown for all pa-
rameter estimates, with their standard errors in parentheses. All parameter
estimates for both women and men have critical ratios (the estimate divided
by its standard error) that exceed 2.00. Although the sampling distribution
of these critical ratios is not exactly known, Joreskog and Sorbom {1993b)
noted that a value greater than 2.00 suggests statistical significance at p <
05.

Note that the path from the PTSD latent variable to the reexperiencing
and situational avoidance manifest indicator has a value of 1, with no stan-
dard error for either women or men. Note also that the value for the inter-
cept of the regression of PTSD on this manifest indicator is the same for
women as for men, and that the mean of the PTSD latent variable for men
is equal to 0. These specific constraints set the origin and scale for the latent
PTSD variable, a necessity for model identification. The issue of model
identification is very complex; the reader is referred to some of the more
comprehensive texts on structural equation modeling (e.g., Bollen, 1989;
Kline, 1998; Loehlin, 1998; Schumacker & Lomax, 1996). Many of the
commercially available software programs set these particular constraints
by default.
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Figures 15.3 and 15.4 also provide information about the difference
between group means on the latent variable. The mean for the latent vari-
able for men is equal to 0 (see preceding paragraph), and the corresponding
mean for women is .20. Its associated critical ratio (.20/.04 = 5.00) repre-
sents a test of the significance of this estimate from 0. Therefore, for this
example, women’s PTSD scores exceeded those of men.

As pointed out by Horn and Meredith (1998}, an interpretation of the
intercepts in a factor-analytic model is that they are a function of the means
of the component of the residual that is specific to the manifest variable it-
self (and not held in common with the latent factor, in our example, PTSD).
For purposes of demonstration, we conducted only an overall test of the
equivalence of the intercepts (third row, Table 15.3} and found that some-
where among the intercepts, there is at least one difference across genders.
We could go further to evaluate the source of the overall difference: for ex-
ample, if the single intercept for withdrawal and numbing for women (note
the 1.76 value in Figure 15.3) is equivalent to that for men (note the 1.91
value in Figure 15.4), or if the intercept for arousal and lack of control for
women {1.94} is equivalent to that for men (1.72). Gender differences in
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FIGURE 15.4. Graphical representation of the factor-analytic model for men.
PTSD, posttraumatic stress disorder; R 8 SA, reexperiencing and situational avoid-
ance; W & N, withdrawal and numbing; A & LC, arousal and lack of control; S-P,
self-persecution (guilt and suicidality).
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the intercepts for a particular symptom cluster would suggest that, above
and beyond what the four symptom clusters hold in common with one an-
other (presumably, PTSD), women and men differ on another component
specific to that cluster, but outside what is PTSD.

Additional Commenis and Recommended Resources

Our presentation of multiple-group confirmatory factor analysis might ap-
pear somewhat different from most of the published literature that includes
this analytic procedure. Typically, confirmatory factor analysis represents
what is formally called the analysis of covariance structures, the goal of
which is to best reproduce the matrix of variances and covariances among
observed scores. We have presented an augmented approach, the analysis
of means and covariance structures, the goal of which is to best reproduce
the vector of means of the observed scores as well. While slightly more
complicated, advantages are obvious in the form of additional information
about possible group differences on specific factors, as represented by dif-
ferences in the intercepts, and group differences in the means of the latent
variable(s). Moreover, as suggested by Yung and Bentler (1999), incorpo-
rating mean structures into a multiple-group confirmatory factor analysis
may vield mare stable estimates of the factor loadings.

We also might add that examining differences in relationships between
women and men can go beyond confirmatory factor analysis, the measure-
ment component of structural equation modeling, and be applied to the
structural component of structural equation modeling. In the latter situa-
tion, the concern would be whether associations between latent variables in
a theoretical network differ across genders. The basic strategy would be
quite similar to that demonstrated in this chapter for the measurement
compornent. Subsequent to establishing factorial invariance, the researcher
could test for gender-based differences by means of equality constraints
placed on path coefficients and intercepts in the structural model.

As with our discussion of moderated multiple regression, this presenta-
tion of multiple-group confirmatory factor analysis is rather cursory. We
strongly encourage the interested reader attempting this type of procedure
to seek out more extensive treatments of the topic. Among a growing list of
very good texts on the larger subject of structural equation modeling are
the works of Bollen (1989), Hayduk (1987, 1996}, Kline (1998), Loehlin
(1998}, and Schumacker and Lomax (1996). Additionally, the books edited
by Bollen and Long (1993), Hoyle (1995), and Marcoulides and Schu-
macker (1996) contain chapters that are excellent summaries of special
issues in the field. A very approachable {“how to”) text on multivariate sta-
tistics by Tabachnick and Fidell (1996) contains a chapter on structural
equation modeling. McArdle (1996) provided a succinct overview of the
confirmatory factor-analytic methodology, directed at the general commu-
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nity of scientists and academics. Finally, Keith (1997) describes an applica-
tion of confirmatory factor analysis to the process of understanding the
construct of intelligence; a similar approach could be taken to explore the
structure underlying PTSD and to understand gender differences in PTSD.
Journals directly devoted to new developments in structural equation mod-
eling include Structural Equation Modeling: A Multidisciplinary Journal,
Multivariate Bebavioral Research, Applied Psychological Measurement,
and the Journal of Educational and Behavioral Statistics. Software avail-
able for structural equation modeling includes AMOS (Arbuckle, 1997),
EQS (Bentler, 1995}, Mplus (Muthen & Muthen, 1998), Mx (Neale, 1993),
and LISREL 8/SIMPLIS/PRELIS 2 (Joreskog & Sorbom, 1293a, 1993b,
1993c¢).
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